This is the second in a series of reports on a national study of the teaching and learning of astronomy in general education, nonscience major, introductory college astronomy courses ͑hereafter referred to as Astro 101͒. The analysis reported here was conducted using data from nearly 2000 students enrolled in 69 Astro 101 classes taught across the country. These students completed a 15-question demographic survey, in addition to completing the 26-question Light and Spectroscopy Concept Inventory ͑LSCI͒ pre-and post-instruction. The LSCI was used to determine students' learning via a normalized gain calculated for each student. A multivariate regression analysis was conducted to determine how ascribed characteristics ͑personal demographic and family characteristics͒, achieved characteristics ͑academic achievement and student major͒, and the use of interactive learning strategies are related to student learning in these classes. The results show dramatic improvement in student learning with increased use of interactive learning strategies even after controlling for individual characteristics. In addition, we find that the positive effects of interactive learning strategies apply equally to men and women, across ethnicities, for students with all levels of prior mathematical preparation and physical science course experience, independent of GPA, and regardless of primary language. These results powerfully illustrate that all categories of students can benefit from the effective implementation of interactive learning strategies.
INTRODUCTION
This article is the second in a series of articles describing the results of a national study of student learning in college level, general education, introductory astronomy courses ͑hereafter referred to as Astro 101͒. These courses enroll 250 000 students each year nationwide and are taken by 10% of all students at some time in their college careers, making it one of the most popular general education courses ͑Fraknoi 2001; Partridge and Greenstein 2003͒ . This study was designed to investigate teaching and learning in these classes, with special emphasis placed on the effect of interactive learning strategies on student conceptual understanding. Considerable evidence from both physics and astronomy education research has shown that such strategies can improve student understanding of key concepts beyond what is achieved when more traditional lecture methods are used ͑Hake 1998; Crouch and Mazur 2001; Prather et al. 2004; Hudgins et al. 2006͒ .
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Astronomy Education Review 2010, AER, 9, 010107-1, 10.3847/AER0009068 Students in the study were given the Light and Spectroscopy Concept Inventory ͑LSCI͒ ͑Bardar et al. 2005; Bardar et al. 2006͒ pre-and post-instruction Zeilik and Morris-Dueer 2004͒ . In addition to calculating the normalized gain 1 achieved by students from the LSCI, we also asked the instructors of each class to complete a survey known as the Interactivity Assessment Instrument ͑IAI͒. From the instructors' self-reported data, we were able to calculate the percent of total class time spent teaching with interactive learning strategies ͑which we called the Interactive Assessment Score or IAS͒. The first article in this series ͑hereafter referred to as Paper I, reports on the relationship between class-based pre-test scores, class-based normalized gains, institution type, class size, and level of interactivity in each classroom. In addition to the 26 astronomy questions contained in the LSCI, some students were also given a set of 15 demographic questions. In this article, we report on our analysis of the complete data set including the LSCI, IAI, and the demographic questions. We begin by briefly outlining our study methodology, and then report the frequencies of the various demographic categories as a snapshot of who is taking Astro 101 nationally. We then describe a series of multivariate regression models designed to determine how the various student characteristics and the interactivity level in the classrooms affect student learning. Paper I ͑Prather et al. 2009͒ outlined the study methodology in detail; however, we will provide the essentials here. A total of 3729 students took the LSCI pre-instruction ͑pre-test͒, and 2577 took it post-instruction ͑post-test͒ using a Scantron™ form. These students came from 31 institutions of all types ͑both 2 year and 4 year͒ and from classes ranging in size from fewer than 10 to 180 students. In addition, some of the students 2 were asked to answer 15 demographics questions, listed in Table A1 in the Appendix. These demographic questions inquired about ascribed characteristics ͑gender, native language, ethnic background, parents' education level, and parents' income level͒ and achieved characteristics ͑elementary and high school type, high school and college GPA, college major, and previous math and science courses taken͒. The Scantron™ forms were read, coded with a unique identifier for each student, and the data were entered into SPSS for analysis. The student identifier was then used to calculate a matched normalized gain score, g, for each of the 1970 students who took both the pre-test and post-test. In order to assess the level of interactivity in each classroom, the instructors were asked to fill out a short survey ͑IAI͒ 3 detailing the frequency with which they used interactive learning strategies ͑e.g., Think-Pair-Share, Lecture Tutorials, and Ranking Tasks͒, from which we calculated an IAS for each instructor ͑Prather et al. 2009͒ . This score was a number from 0 to 100% representing the approximate percentage of all possible instructional time each instructor spent using interactive learning strategies. Values for the IAS in this investigation ranged from 0 to 49%, indicating that this instrument was successful at distinguishing differing levels of interactivity in Astro 101 classrooms and that instructors were not inflating estimates of their classes' interactivity. If they had been, we would have expected to see many estimates of over 49% and none near 0%. Nonetheless, we note that the IAS is only an approximate measure of interactivity and provides no insight into the quality of implementation of these strategies.
STUDY METHODOLOGY

DATA DESCRIPTION-WHO'S TAKING ASTRO 101?
Deming and Hufnagel ͑2001͒ reported on the demographic makeup of students taking Astro 101 based on questions provided with the Astronomy Diagnostic Test in an article entitled, "Who's Taking Astro 101?" Table  1 lists the frequencies of responses for each of the 15 questions we asked in our demographic survey. The number of respondents varied for each question for two reasons: 1͒ the first two questions were included on both forms of the LSCI ͑see Note 2͒ so the numbers are higher for those questions and 2͒ respondents were instructed that all answers were voluntary, so students did not always answer all 15 questions. For comparison, we also list in Table 1 www.heri.ucla.edu/publications-brp.php͒. Although this CIRP data set contains only freshmen, it is still useful to compare our data to this snapshot of college students, especially since a significant fraction of the students in our data set are freshmen. Figure 1 shows pie charts comparing our data to the CIRP data set for three key demographic characteristics: gender, ethnic background, and family income ͑as a proxy for socioeconomic class͒.
Comparing all the questions in our data set that overlap with the CIRP data, we conclude that students taking Astro 101 reflect the national college student body as a whole ͑see Table 1͒ . Thus, students taking Astro 101 are a representative cross section of current college students: men and women, all ethnicities, all socioeconomic backgrounds, and all majors.
Of the demographic categories for which it is possible to compare our data to the CIRP data, "major" is the only category for which there is statistically significant difference. We believe these differences in our results may stem from the wording of our question ͑see Table A1 in the Appendix͒, "In what field is your major ͑or current area of interest if undecided͒?" Since the majority of Astro 101 students are early in their college careers ͑70% freshmen and sophomores͒ they may have been reporting on an area of topical interest rather than an actual intended area of future study or major. In particular, we find that, in our study, there are a disproportionately large number of students ͑36%͒ who responded to the choice of "science, engineering, and architecture." Analysis of a student roster from one class in our study showed that the number of actual declared science majors was closer to 5%, rather than the 35% reported by students for that class. The large "science" response may be due to the fact that the survey was administered in a science class, combined with the ambiguity of the question wording and the difficulty of asking students about their major so early in their college career. In addition, we find that students' responses provided in our study were higher in the category of "education" and lower in the category of "professional" as compared to the CIRP data and previous Astro 101 studies ͑Deming and Hufnagel 2001͒. Hence, all discussion of what we term "major" in our study must be understood as self-reported area of interest by each student. Nonetheless, it is interesting that such a large fraction of students in these Astro 101 classes indicated that science was their primary area of interest, in spite of the fact that most of these students are unlikely to pursue studies in science. We note that, in spite of these uncertainties around this question, clearly all majors/areas of interest are well represented in our Astro 101 classes.
The fact that the students taking Astro 101 are representative of college students as a whole, combined with the large numbers of students who take this class across the nation each year, underscores the critically important role that Astro 101 plays in developing scientific thinking and literacy in our college student population and by extension in our society as a whole. These students will become our future lawyers, physicians, business people, politicians, and teachers, and therefore the quality of their scientific education will have a large impact on how science is understood and perceived by the general population. Since Astro 101 is typically the last and only science course many of these students will take ͑Partridge and Greenstein 2003͒, it is especially important that we teach this course well. Equally importantly, we must design teaching and learning strategies that work well for all types of students in our classes.
The role of Astro 101 in training future teachers is especially worth noting. Lawrenz, Huffman, and Appeldoorn ͑2005͒ found that nearly 40% of students in introductory science classes plan to become licensed teachers. This is consistent with the 25% of students in our data set who chose "Education" as their major/area of interest.
The large number of future teachers in our Astro 101 classes means that we are not just teaching future citizens, but we are also preparing the future teachers who will train the next generations of students, including those who will study the STEM 5 disciplines. In many ways, we can think of our Astro 101 courses as semester or quarter long professional development courses for future teachers. Thus, the impact of our teaching of Astro 101 will extend far into the future.
In addition, we have students in our data set with a wide range of abilities ͑as measured by college GPA͒ and science and math backgrounds. Thus, it is important that our teaching and learning strategies work well for students with a variety of academic abilities and backgrounds. This important topic is discussed in more detail in Sec. 4.
MULTIVARIATE MODELS OF NORMALIZED GAIN
To test the effect of various demographic characteristics on student learning, we constructed a series of multivariate regression models. For each model, we had a large number of independent variables, and one dependent variable: normalized gain. The resulting models indicate the degree to which various independent variables are related to the dependent variable. The results of the multivariate models do not imply that there must be a causal relationship between any given independent variable and normalized gain. However, we can clearly rule out causality in the cases where no statistically significant relationships are found in the data.
In addition to the demographic characteristics, we also include classroom interactivity ͑based on the IAS͒ as an independent variable in some models to measure the influence the use of interactive learning strategies has on normalized gain. The table in the Appendix ͑Table A1͒ lists all 15 variables representing the 15 questions we asked in the demographic survey, indicating which ones we included in the models, the naming convention and coding we used for the variables, and an explanation of why we excluded the variables we did.
Our first model, which we term "Model 0," contains 12 independent variables ͑ascribed and achieved characteristics͒ whose relationship to students' average learning gain is shown in Table 2 . The results shown in Table 2 include both unstandardized coefficients, which allow us to interpret relationships in terms of actual changes in normalized gain with changes in each independent variable, and standardized coefficients, which allow us to compare the relative strengths among all the independent variables. Before describing the results of Model 0, we first provide a discussion of variable coding and how unstandardized coefficients are related to average changes in gain for three different variable types ͑see Table A1 in the Appendix for details of the coding of each variable͒. For example, the independent variable "Gender" ͑an ordinal value, i.e., either 0 or 1 in Table A1͒ was labeled "Male" to indicate that we coded "Male= 1" and "Female= 0." If the unstandardized coefficient for this variable is statistically significant, this means that the "1" group ͑"Male"͒ performed significantly better ͑positive coefficient͒ or worse ͑negative coefficient͒ relative to the "0" group ͑"Female"͒. The value of the coefficient represents on average how much more or less gain is achieved by the "Male" group as compared to the "Female" group, holding all other variables constant. In the case where the coefficient is not statistically significant, the average difference in the gain between the two groups is shown to be insignificant and therefore treated as if there is no difference at all between the groups. In the case of the independent variable "Class year" ͑a ratio value in Table A1͒ , the data is coded simply as "Freshman= 1," "Sophomore= 2," etc. If the unstandardized coefficient for this variable is statistically significant, the value of the coefficient represents the average change in gain for each additional year in college, e.g., "Freshman" to "Sophomore," "Sophomore" to "Junior," etc., again holding all other variables constant. Finally, for the independent variable "College GPA," we coded each range of GPA as the midpoint of that range ͑e.g., 3.0-3.5 becomes 3.25͒. If the unstandardized coefficient for this variable is statistically significant, the value of the coefficient represents the average change in gain for a one point change in GPA, holding all other variables constant.
Our first step in describing the results of Model 0 is to consider the adjusted R-squared of the model. Adjusted R-squared indicates the amount of the total variance in the dependent variable that can be explained by changes in the independent variables used. Model 0 has an adjusted R-squared of 0.157 meaning that this group of 12 independent variables accounts for 15.7% of all the variance in our normalized gain data. Of the ascribed characteristics, only being male has a statistically significant effect on changes in normalized gain with male students achieving an average gain of approximately 9 percentage points more than female students, which is consistent with other findings related to learning and gender in physical science ͑Hanson 1996; McCullough 2004͒. Ethnicity, language, father's education, and family income show no relationship to normalized gain in our data. By contrast, nearly all of the achieved characteristics show a statistically significant relationship to increased understanding of LSCI topics in the direction we would expect. Students with greater amounts of education in the form of class year, higher college GPA, highest level of math taken, and a greater number of physical science courses taken tend to have greater improvement in LSCI scores than other students. Surprisingly, students who have previously taken an astronomy course do not outperform their fellow students that are taking their first astronomy course. It may be that a previous astronomy class might simply give a student more factual knowledge yet not help them succeed in the class, whereas previous college experience, or a strong math and science background may give a student additional conceptual and reasoning tools to succeed in the class. Mathematics preparation, in particular, has the strongest positive effect on normalized gain of any of the achieved characteristics, suggesting that facility with math helps, even though the LSCI consists entirely of conceptual questions; that is, no calculations are required to answer LSCI questions correctly.
Pre-test percent correct has a statistically significant negative relationship to normalized gain. This result is not surprising and is caused by the well-known statistical effect of "regression to the mean." 6 The distribution of pre-test scores is well modeled by assuming that students guess on all 26 questions of the LSCI. 7 This assumption leads to a normalized distribution of pre-test scores with a mean and standard deviation of 25Ϯ 10%, which is a good fit to our actual distribution. On the post-test, students have learned some fraction of the material, but will still guess on the remaining questions. Since the students who by random chance did better on the pre-test are not more likely to do better on the parts of the post-test where they are guessing ͑and vice versa͒, there is a tendency for the gain of high-pre-test students to be lower, and for the gain of low-pre-test students to be higher ͑regression to the mean͒, leading to the negative correlation seen in the model. Thus, this correlation is a statistical artifact that exists in all data sets of this type, and we include pre-test percent correct in the model to allow us to control and effectively remove this effect.
As noted above, the characteristic we describe as "major" may represent the actual major of some students, but for others is likely an expression of interest in a subject rather than the subject they will ultimately study. Despite this ambiguity, we were interested in exploring the relationship between these expressed interests and normalized gain. In Model 0, we coded the variable for major/area of interest of students into those that chose "Science, Engineering, and Architecture" ͑SEA͒ versus students who chose any other major/area of interest. We found that there was no statistical difference between the gains of these two groups after controlling for all other independent variables. That is, students who chose science, engineering and architecture as their major/ area of interest did not achieve a higher average gain than the "nonscience" students. This demonstrates that "nonscience" students and students who self-reported science, engineering, or architecture as their major/area of interest benefit equally from the use of interactive learning strategies.
To further probe if any of these self-reported groups differed from the others, we conducted an Analysis of Variance ͑ANOVA͒ test of normalized gain by the major/area of interest options provided in the question and found a statistically significant difference ͑p Ͻ 0.01͒ between the mean gains of the majors. The "Arts, Humanities, and Social Sciences" ͑AHSS͒ group showed dramatically greater gains on average than the other groups. Accordingly, in our subsequent models, we recoded the "major" variable to focus on this group.
In order to probe more deeply into the relationships between the students' characteristics, interactivity in the classroom, and gain, we created a series of four models shown in Table 3 . These models constitute a series in that each subsequent model builds on the previous model. The first model in this series ͑Model 1͒ is identical to Model 0 ͑described above͒, except that we have coded the major/area of interest independent variable with the students who responded with AHSS as the reference group ͑see Table A1 in the Appendix͒. Note that students who chose AHSS as their major/area of interest had, on average, approximately 10 percentage points greater gain than other majors. The adjusted R-squared of this model is 0.185, representing a significant increase over the R-squared from Model 0.
Model 2 adds each classroom's IAS to the analysis, as a measure of interactivity in each student's classroom. All the statistically significant variables in Model 1 remain statistically significant in the same direction in Model 2 with only marginal changes in the coefficients. However, we find that the added variable of interactivity shows a statistically significant and positive relationship to normalized gain. Looking at the unstandardized coefficient, we see that for every 10 percentage point increase in IAS there is, on average, a 5.0 percentage point increase in normalized gain. Taken to the extremes of the range of IAS, the model indicates that students in classes with a 45% IAS will, on average, outperform students in classes with a 5% IAS by more than 20 percentage points in gain, after controlling for the effects of the other variables in the model. In Model 3, we introduce seven cross ͑interaction͒ terms to test if the effects of classroom interactivity differ based on other key independent variables. These cross terms measure whether the increased learning gain attributed to interactivity is different for different members of the population as measured by the cross variable. For example, if the cross term "interactivity ϫ Male" were statistically significant, that would suggest that though both groups ͑men and women͒ benefit from interactivity, one benefits more than the other; in fact, that particular cross term is not statistically significant, meaning that men and women benefit equally from interactive learning strategies.
Of the seven cross terms introduced, all but one are not statistically significant, meaning the effects of interactivity on normalized gain are the same for males and females, whites and nonwhites, native English speakers and non-native English speakers, and regardless of college GPA, mathematical preparation, and the number of physical science courses previously taken. These last two results show that even though most of the interactive learning strategies employed in Astro 101 classrooms are focused on conceptual learning, rather than calculation, students with a strong math and science background benefit from these activities as much as other students. It is also important to note that many instructors mistakenly believe that stronger students do not benefit from interactive learning strategies, a belief contradicted by our results, which show that students of all abilities benefit equally from these strategies. Together with the results of Paper I, which showed that normalized gain did not depend on institution type or class size, these results indicate that interactive learning strategies can be successfully applied to any Astro 101 classroom and will work equally well for nearly all the students in those classrooms.
The single cross term in Model 3 that is statistically significant is the one including academic major/area of interest AHSS, meaning that students who chose AHSS as their major/area of interest receive greater benefit from an increase in IAS than other majors, though all majors benefit. Model 4 includes only the "interactivity ϫ AHSS" cross term; all other cross terms were removed because they were not statistically significant in Model 3. With only a single cross term, it is possible to have a relatively straightforward interpretation of the interactivity variable and the "interactivity ϫ AHSS" cross term together. In Model 2, the coefficient of interactivity contained the average effect of interactivity on all majors combined. In Model 4, this coefficient has effectively been split in two: when the "AHSS major variable= 0," the cross-term drops out; hence, the interactivity coefficient now measures the effect of interactivity only on the non-AHSS students, while the "interactivity ϫ AHSS" term measures the effect of interactivity on the AHSS students over and above the other students. Hence, when the "AHSS major variable= 1," the two coefficients added together measure the total effect of interactivity on the AHSS students. In Model 4, the coefficient for interactivity is still statistically significant, indicating that the non-AHSS students increase their normalized gain on average by 4.3 percentage points for every 10 percentage point increase in IAS. The coefficient for the "interactivity ϫ AHSS" cross term measures the additional gain that AHSS students achieve as a result of a higher IAS. On average, for every 10 percentage point increase in IAS, AHSS students gain an additional 2.7 percentage points in normalized gain over non-AHSS students. Adding the coefficients for interactivity and the "interactivity ϫ AHSS" cross term gives us the complete effect of interactivity for AHSS students. Taken together, on average AHSS students 8
The R-squared value increased from 0.185 to 0.250, an increase of 100· ͑0.250− 0.185͒ / 0.185= 35%.
achieve a total increase of 7.0 percentage points ͑4.3+ 2.7͒ in normalized gain for every 10 percentage point increase in IAS. Figure 2 shows the effect of IAS for students who chose the AHSS major/area of interest option ͑blue line͒ and all other students ͑red line͒, as well as indicating the overall effect of interactivity for all majors combined ͑black dotted line͒, from Model 2. Clearly, though all students benefit from higher interactivity, those who chose the AHSS major/area of interest benefit disproportionately. It is possible that these students are more comfortable with interactive learning strategies, and therefore benefit more from them.
CONCLUSIONS
Our main conclusions are as follows.
1͒
The students in our study, who are enrolled in Astro 101 nationwide, are a representative cross section of the college student population as a whole. Thus, when we teach Astro 101, we are affecting the scientific literacy of all types of college students: men and women, native and non-native English speakers, all ethnicities, all majors, and students of all academic abilities. For many of these students, this is the last science course they will ever take. 2͒ 25% of the students in our sample of Astro 101 students are declared education majors or have expressed an interest in the study of education, much higher than the 8% reported in the CIRP national data set and the 9% previously reported by Deming and Hufnagel ͑2001͒. When we teach Astro 101, we are not only developing the scientific literacy of our future citizens, we are also training the future teachers of the next generation of students, including those who may choose careers in STEM disciplines. 3͒ A multivariate regression model of normalized gain with both ascribed and achieved student characteristics showed that students with a stronger academic background ͑more years in college, more math and science background͒, not surprisingly, had higher normalized gains, on average. However, none of the ascribed characteristics, other than gender, showed any statistically significant correlation with gain. 4͒ Adding the level of classroom interactivity ͑IAS͒ to the model increased the R-squared from 0.185 to 0.250, a very large ͑35%͒ increase in predictive power for a single variable. IAS was the variable with the highest standardized coefficient of any of the 13 independent variables in the model, indicating that the use of interactive learning strategies has a stronger positive effect on student learning in Astro 101 classrooms than any other characteristic we measured. 5͒ Adding cross terms between interactivity and other independent variables showed that interactive learning strategies equally benefit men and women, students of all ethnicities, native and non-native English speakers, as well as students of all levels of academic ability, mathematical preparation, and previous physical science coursework. 6͒ Interactive learning strategies benefited students representing all majors/areas of interest. However, students who chose AHSS as their major/area of interest benefited by the greatest amount.
The results of both this and our prior study ͑Prather et al. 2009͒, taken together, emphasize that interactive learning strategies are capable of helping every student in our classroom. The differences we see in learning gains between classrooms are not due to the type of institution, or to the size of the class, or to the individual characteristics of the students in the class. This is a critical finding in our efforts to understand how we can help our students achieve the highest level of understanding possible in our classrooms. We have all experienced how much the learning can differ between individual students in our classes, and Prather et al. ͑2009͒ have shown how students' learning gains can differ widely between Astro 101 classrooms. We have identified the use of interactive learning strategies as a key factor that can help students learn in our classrooms, yet there is a great deal of spread in learning gains that remains to be understood. Clearly, not every instructor who uses such strategies succeeds in helping their students achieve high learning gains ͑Prather et al. 2009͒. Since we have ruled out the type of institution, the size of the class, and the particular students in our classes, we must look elsewhere for the answer. We believe that the instructor's effective implementation of interactive learning strategies is the crucial factor that allows some classes to achieve higher gains in student understanding than other classes, even when the same level of interactivity exists in both classes. Professional development for instructors is the best way to close this gap ͑Prather, Rudolph, and Brissenden 2009͒.
Why is professional development so critical to the improvement of teaching and learning in Astro 101 classes?
The system we are investigating, the Astro 101 classroom, and its associated environment of curricular and professional development, is very complex. It involves the interplay between the instructor, the students, the subject matter, the classroom environment and the instructional strategies we employ. The depth of an instructor's understanding of each of these variables, and how they are related to each other, is referred to as Pedagogical Content Knowledge ͑PCK͒, and an instructor's understanding of their own PCK is directly related to their ability to effectively implement the research validated instructional strategies that have been shown to help students improve their conceptual understanding ͑Gess-Newsome and Lederman 1999; Prather and Brissenden 2008͒.
We know that well-crafted professional development opportunities, based on best practices, can be effective in improving an instructor's PCK ͑Gess-Newsome and Lederman 1999; Loucks-Horsley et al. 2003͒. In particular, an environment of peer review, in which participants offer suggestions and critiques of each other's implementation of interactive learning strategies, termed Situated Apprenticeship, helps instructors go beyond a merely intellectual awareness of which learning strategies are most effective in changing students' gains in understanding to a real change in their practice ͑Prather and Brissenden 2008͒. Hence, well-designed and well-executed professional development for Astro 101 instructors ͑future and current͒ is crucial if we expect to see real, sustained improvement in how much students benefit from this class.
The majority of Astro 101 instructors receive no formal training before stepping into the classroom to teach for the first time, and we applaud those instructors who voluntarily seek out their own professional development. However, we believe a lasting national impact will only come from the astronomical community adopting a more comprehensive commitment to invest in professional development. Our national societies ͑AAS, ASP, AIP, APS, AAPT, AGU, etc.͒, administrators, department chairs, and senior colleagues need to encourage or perhaps require, as well as provide resources for, professional development for all instructors. This is especially needed for new instructors and future instructors such as graduate students and postdocs. If we can reach these young colleagues early in their careers, and change the way they approach teaching and learning, we might see a real change in the quality of how Astro 101 is taught in the future. 
